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(57) ABSTRACT 

A ?nite state data structure includes paths that represent 
pairs of strings, With a ?rst string that is a string of tag 
combinations and a second string that is a string of tags for 
tokens in a language. The second strings of a set of paths 
With the same ?rst string include only highly probable 
strings of tags for the ?rst string. The data structure can be 
an FST or a bimachine, and can be used for mapping strings 
of tag combinations to strings of tags. The tags can, for 
example, indicate parts of speech of Words, and the tag 
combinations can be ambiguity classes or, in a bimachine, 
reduced ambiguity classes. An FST can be obtained by 
approximating a Hidden Markov Model. A bimachine can 
include left-to-right and right-to-left sequential FSTs 
obtained based on frequencies of tokens in a training corpus. 
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FINITE STATE DATA STRUCTURES WITH 
PATHS REPRESENTING PAIRED STRINGS 

OF TAGS AND TAG COMBINATIONS 

This application is a continuation claims priority under 
35 USC §120 from copending International Application 
PCT/EP98/04153, ?led Jul. 6, 1998, With respect to all 
shared subject matter. International Application PCT/EP98/ 
04153 in turn claimed priority from Great Britain Applica 
tion No. 97141261, ?led Jul. 4, 1997, and Great Britain 
Application No. 9800791.7, ?led Jan. 14, 1998. 

FIELD OF THE INVENTION 

The invention relates to ?nite state data structures in 
Which paths represent paired strings of tags and tag combi 
nations. 

BACKGROUND 

Techniques are Well knoWn for performing part-of-speech 
tagging of machine-readable text by automatically obtaining 
tags for Words in a sentence or other text segment or corpus. 
Each tag can identify a Word’s part-of-speech (e.g. noun 
singular, verb-present-1st person plural, etc.). Such tags 
typically have a standardiZed form, such as the form speci 
?ed under the Text Encoding Initiative (TEI), described at 
the Web site of the TEI Consortium, http://WWW.tei-c.org/. 
The tags for a text segment or corpus can be used, for 
example, in information retrieval from the text and statistical 
analysis of the text. 

Schabes et al., US. Pat. No. 5,610,812, describe a con 
textual tagger that uses a deterministic ?nite state transducer 
(EST) to improve tagging speed. The contextual tagger is 
constructed by examining a training corpus of tagged text to 
acquire a set of rules and by then transforming the rules into 
a deterministic FST using non-deterministic transducers, a 
composer, and a determiniZer. To tag an input sentence, the 
sentence is initially tagged by assigning to each Word its 
most likely part-of-speech tag regardless of surrounding 
Words, and the deterministic FST is then applied to the 
resulting sequence of part-of-speech tags using the sur 
rounding Words to obtain ?nal part of speech tags. In other 
Words, the deterministic FST is applied to the initial 
sequence of tags to obtain the ?nal sequence of tags. 

Chamiak, E., “Statistical Techniques for Natural Lan 
guage Parsing”, AI Magazine, Winter 1997, pp. 33—43 
describes techniques that use probabilistic Hidden Markov 
Model (HMM) based taggers. Charniak describes an HMM 
as a ?nite automaton in Which the state transitions have 
probabilities and Whose output is also probabilistic, and 
shoWs a fragment of an HMM for tagging in Which each 
state is labelled With a part of speech, in Which state-to-state 
transitions have probabilities, and in Which output Words for 
a state also have probabilities. Such taggers select, from 
among the part-of-speech tags that are found for a Word in 
the dictionary, the most probable tag based on the words 
context, i.e. based on the adjacent Words. 

Chanod, J.-P., and Tapanainen, P., “Tagging French— 
Comparing a Statistical and a Constraint Based Method”, in 
Proceedings of the 7th Conference of the EACL, Dublin, 
Ireland, ACL, 1995, pp. 149—156, compare a statistical 
approach With a constraint-based approach to part-of-speech 
tagging. Both approaches tokeniZe With an EST to obtain 
Words and perform morphological analysis With a transducer 
lexicon to obtain a set of part-of-speech tags for each Word. 
The statistical approach then disambiguates the sets of tags 
using an HMM, Which can be thought of as encoding a 
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2 
relation betWeen tWo languages, one including sequences of 
ambiguity classes and the other including sequences of tags. 
In contrast, the constraint-based approach disambiguates the 
sets of tags With FSTs derived from a set of rules Written by 
linguists. It is Well knoWn that such an FST may be non 
deterministic, ie for an input sentence it may provide more 
than one solution or no solutions at all. 

SUMMARY OF THE INVENTION 

The invention addresses problems that arise With conven 
tional automatic tagging techniques. 
Some conventional techniques use each Word in a 

sequence to obtain a most probable tag, as exempli?ed by 
the initial tagger described by Schabes et al. Such techniques 
produce many tagging errors, hoWever, because a Word that 
has several possible tags Will often occur With tags other 
than its most probable tag. Other conventional techniques 
attempt to correct tagging errors based on context, as exem 
pli?ed by the contextual tagger of Schabes et al. Still other 
conventional techniques, exempli?ed by the HMM-based 
taggers of Charniak and by the statistical and constraint 
based taggers of Chanod and Tapanainen, reduce tagging 
errors by obtaining one of a Word’s possible tags based in 
part on adjacent Words. 

In general, conventional techniques are subject to a ten 
sion betWeen accuracy and speed that limits performance. 
HMM-based taggers, for example, can be very accurate but 
are relatively sloW in comparison With FST taggers; for 
example, an HMM-based tagger implemented as an FST 
modi?ed to include Weights on transitions is sloWer than an 
FST Without Weights because signi?cant additional compu 
tation is necessary to use the Weights. On the other hand, 
conventional FST taggers are generally less accurate than 
HMM taggers. Conventional FST tagging techniques that 
employ an FST automatically derived from a hand-tagged 
corpus seem to reach a limit of accuracy beyond Which 
improvement can only be obtained by time-consuming addi 
tional measures to correct errors. Conventional FST tagging 
techniques that employ an FST derived from manually 
Written constraints can achieve greater accuracy but require 
a great deal of Work to Write the constraints. 

The invention alleviates the tension betWeen speed and 
accuracy With neW techniques that can be used to provide 
fast, accurate tagging. The techniques can be understood by 
considering that conventional disambiguators like those 
described by Chanod and Tapanainen, above, behave like a 
sequential transducer that deterministically maps a sequence 
of ambiguity classes (corresponding, for example, to a 
sentence) into a unique sequence of tags, e.g.: 

[DET] [AD], NOUN] [AD], NOUN] [END] 
DET AD] NOUN END 

Each technique provided by the invention involves a ?nite 
state data structure (FSDS) that can be used to map strings 
of tag combinations to strings of tags for tokens in a 
language. Each tag combination can be a logical combina 
tion of tags, such as an ambiguity class Which is a conjunc 
tion of a set of tags. The FSDS can include paths represent 
ing pairs of strings. A ?rst string in a pair can be a string of 
tag combinations, While a second can be a string of tags. The 
second strings of a set of paths With the same ?rst string can 
include only highly probable strings of tags for the ?rst 
string. Apath can be machine accessible using its ?rst string 
to obtain its second string. 






































